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1. [bookmark: _Toc224428523]Purpose and Practice of Data Mining
Stroke remains one of the primary causes of death and long-term disability globally, placing considerable pressure on healthcare systems that need to move from a reactive treatment approach toward a more targeted prevention approach [1]. Data mining offers a practical solution to that goal. By extracting patterns from large collections of patient records, it becomes possible to identify individuals at elevated risk before a clinical event happens, supporting decisions that would otherwise rely on clinician judgement or generalized population-based recommendations [2]. 

In healthcare, data mining generally serves two objectives: classification, which categorizes patients according to their attributes and predicted outcomes, and clustering, which groups individuals based on shared characteristics absent a predetermined outcome label. Both are relevant here. Classification can be used to predict whether a patient is likely to experience a stroke from their demographic and clinical profile, while clustering can identify distinct subgroups within the patient population, such as those who show a combination of lifestyle risk factors and pre-existing conditions, including hypertension or elevated glucose levels [1].

What makes this approach particularly valuable is that the relationships between risk factors are rarely straightforward. Age, BMI, smoking status and heart disease do not contribute to stroke risk in isolation, but their interactions matter. Traditional statistical models struggle to capture those interactions, whereas machine learning classifiers are better suited to modelling them [1], [3]. Applied to the Kaggle stroke prediction dataset, these techniques allow a healthcare organisation to move from descriptive questions about who has had a stroke to predictive ones about who is likely to, enabling earlier and more effective intervention.

1. [bookmark: _Toc224428524]Dataset Description and Exploration
The Stroke Prediction Dataset which was sourced from Kaggle [4], contains the records of 5,110 patients, each is characterized by 12 attributes. These attributes, which integrate demographic details, lifestyle choices and clinical assessments, make the dataset appropriate for both classification and clustering applications. The principal variable under investigation is a binary marker showing whether a patient has suffered a stroke.

Of the 12 attributes, five are numeric (excluding the id column): age, BMI, average glucose level and the binary integer flags for hypertension and heart disease. The remaining attributes are categorical, including gender, marital status, work type, residence type and smoking status. The id column serves purely as an identifier and has no analytical value.

The first data quality issue the is immediately found is the BMI that contains 201 missing values, representing roughly 3.9% of the dataset. All other attributes are complete. Smoking status, while technically complete, includes 1,544 records labelled as "Unknown", which introduces a degree of ambiguity that should be taken into account during preparation. How both of these issues were addressed is discussed in the next section.

Perhaps the most significant characteristic of this dataset is its class imbalance. Only 249 of the 5,110 records correspond to a positive stroke outcome, meaning stroke cases account for just 4.9% of the data shown in Table 1. This kind of skew is common in medical datasets where the condition being predicted is relatively rare, but it presents a real challenge for classification models, which tend to favour the majority class unless the imbalance is corrected [5].

	No Stroke
	Stroke

	4861
	249



Table 1: Stroke Class Distribution




Looking at the numeric variables, age ranges from under one year to 82, with a mean of approximately 43 years. The distribution is relatively spread, with a notable concentration of records in the middle-aged to older adult range (Figure 1). This aligns with what is clinically expected given that stroke risk increases with age [6].


Figure 1: Age Distribution Histogram

Average glucose level has a mean of 106.1 mg/dL but a wide range extending to 271.7, suggesting the presence of diabetic or pre-diabetic patients within the sample. BMI has a mean of 28.9, consistent with an overweight population average.

Smoking status distribution is shown in Figure 2. The "Unknown" category is the second largest group after "never smoked", which raises questions about data completeness that are relevant to how the variable is used in modelling.


Figure 2: Smoking Status Bar Chart



1. [bookmark: _Toc224428525]Data Pre-processing and Post-processing
Before any analysis could begin, the dataset required multiple preparation steps to make sure it was clean, correctly structured and ready to use in Weka. These steps covered missing values, categorical encoding, class imbalance and feature selection.

The first problem encountered was the BMI attribute, which contained 201 missing values stored as "N/A" strings instead of empty cells. Removing these rows would have deleted 3.9% of the dataset without good reason, so mean imputation was used instead. The column mean was calculated from all valid BMI entries using Excel's AVERAGEIF function, which excluded the N/A records from the calculation and returned a value of 28.89. This value was then applied to all missing entries using Excel's Find and Replace function. The effect on the overall distribution was minimal, with the column mean changing by less than 0.001 after imputation, confirming that the missing values were not concentrated in any particular patient group and that mean substitution was a reasonable approach [7].

The smoking status was a different problem. Instead of having missing values, 1,544 records had the label "Unknown," making up 30.2% of the attribute's entries. Removing these records would have reduced the dataset by almost a third, which would have seriously affected model training. So, these records were kept and "Unknown" was recognised as a valid category on its own. This method is in line with how other healthcare studies deal with uncertain categorical data. Keeping uncertain labels preserves the size of the dataset while being transparent about the limitations [7].

The id column was removed before importing the data into Weka, as it serves only as a row identifier and has no predictive value. Keeping it could have introduced noise into distance-based methods such as K-Means clustering.
Beyond the id column, no other attributes were removed. Variables like gender and residence type were kept as they can still contribute to interactions within tree-based classifiers and influence cluster formation. No new features were engineered, as the focus was on how standard algorithms perform with the existing attributes.

Weka reads nominal attributes directly from CSV files, so no manual encoding was needed for categorical variables such as gender, work type, or smoking status. However, the stroke column was stored as a numeric binary value of 0 or 1, which Weka treated as a continuous variable by default. The NumericToNominal filter was applied within Weka's Preprocess tab, targeting the stroke attribute specifically, to convert it into a nominal class label. Without this step, Weka's classifiers would have treated stroke prediction as a regression problem rather than a classification one.

The main problem in this dataset was the class imbalance. With only 249 stroke cases out of 5,110 records, stroke represented just 4.9% of the data. This level of skew can cause classifiers to predict the majority class for every patient, producing misleadingly high accuracy while detecting no actual stroke cases [8]. To correct this, SMOTE (Synthetic Minority Oversampling Technique) was applied using Weka's supervised instance filter, targeting the minority stroke class specifically, instead of duplicating existing stroke cases, SMOTE generates synthetic ones by looking at patients similar to existing stroke cases and creating realistic variations based on their characteristics. The result is a more varied training set than simple duplication would give. SMOTE was applied with five nearest neighbours, increasing the stroke class from 249 to 4,860 instances and bringing the dataset total to 9,721, as shown in Table 2. This technique is widely used in medical data mining where gathering additional real minority class samples is not practical [5].

	
	No Stroke
	Stroke

	Before SMOTE
	4861
	249

	After SMOTE
	4861
	4860



Table 2: Class Distribution Before and After SMOTE

Once the models had been run, the results were interpreted with a focus on what they mean in a healthcare context rather than just reporting numbers. Because the dataset was heavily imbalanced, metrics such as recall and ROC area were used to judge model performance instead their accuracy, which can be misleading when one class heavily outnumbers the other [9]. For the clustering results, the average values for each group were examined to give each cluster a meaningful description based on patient characteristics such as age, glucose level and presence of hypertension.

1. [bookmark: _Toc224428526]Sample Runs and Analysis Methods
Two classification algorithms and one clustering algorithm were applied to the prepared dataset in Weka. All classification runs used 10-fold cross-validation, which splits the data into ten equal parts, trains on nine and tests on one, rotating until every record has been used for testing. This approach gives a more reliable estimate of model performance than a single train-test split [10].

[bookmark: _Toc224428527]Classification - J48 Decision Tree
J48 was the first classifier tested, mainly because decision trees are interpretable and in a healthcare setting, understanding why a model makes a prediction matters as much as the prediction itself [11]. With SMOTE properly applied to the minority class, the pruned J48 produced a tree with 323 leaves and 572 nodes, as shown in Figure 3. The first split divided patients at age 49, with the following splits drawing on variables including marital status, followed by marital status, work type and then factors such as hypertension and heart disease, which is consistent with established clinical knowledge about stroke risk factors [12]. The model achieved 93.4% accuracy with a Kappa statistic of 0.869, indicating strong agreement beyond chance. Recall for stroke cases was 0.937, meaning the model correctly identified 4,553 out of 4,860 stroke patients. The ROC area of 0.958 confirmed strong discriminative ability on both classes [8], [9].

[image: ]
Figure 3: J48 Pruned Decision Tree Results (Post-SMOTE)

[bookmark: _Toc224428528]Classification - Random Forest
Random Forest was selected as the second classifier because it creates multiple decision trees and combines their outputs, which generally reduces overfitting and improves performance in complex datasets [13]. With 100 trees and 10-fold cross-validation, the model achieved 95.6% accuracy as shown in Figure 4. Recall for stroke cases was 0.956, with 4,644 out of 4,860 correctly identified. The Kappa statistic of 0.912 and ROC area of 0.990 both indicate strong predictive performance, outperforming J48 in every metric.

[image: ]
Figure 4: Random Forest Classifier Results

Random Forest's improvement over J48 is consistent with what the literature reports about ensemble methods outperforming single decision trees on complex medical datasets, particularly when class distributions have been properly balanced [14]. Both classifiers demonstrated that with correct SMOTE application, standard algorithms can achieve clinically useful levels of stroke prediction from routine patient data.


[bookmark: _Toc224428529]Clustering - SimpleKMeans
SimpleKMeans was chosen for the clustering component because it is efficient and produces clearly interpretable cluster centroids (the average point of each cluster), making it appropriate for identifying patient risk profiles in a healthcare dataset [15].

SMOTE was applied only for the classification tasks, instead clustering was performed on the original dataset to make sure the groupings worked on real patient profiles instead of synthetic ones created by SMOTE. Three clusters were chosen to represent low, medium and high risk groups, since this is a practical split for healthcare screening. Other values of k were not tested, though doing so could have revealed more subgroups. The algorithm reached a stable solution after 9 iterations, with a within-cluster sum of squared errors of 9,109, as shown in Figure 5.

[image: ]
Figure 5: SimpleKMeans Clustering Output

The three clusters broke down into distinct patient profiles. Cluster 0 was the largest, containing 58% of patients, and was characterised by middle-aged women (mean age 48.9) with average glucose levels and moderate BMI. Cluster 2 contained 21% of patients and represented younger male children (mean age 14.9) with the lowest glucose and BMI values and near-zero rates of hypertension and heart disease. Cluster 1, also containing 21% of patients, was the highest-risk group: older males (mean age 56.1) living in rural areas with the highest average glucose level (118.4 mg/dL), a hypertension rate of 32.1%, and a heart disease rate of 19.5%. This group closely matches the demographic profile most associated with stroke risk in the literature [12] and represents the patients that healthcare providers should prioritise for early intervention.

1. [bookmark: _Toc224428530]Business Recommendations
The results from this analysis shows some practical steps that healthcare providers could take around stroke prevention. The Cluster 1 profile, which is older men living in rural areas with a hypertension rate of 32.1% and heart disease rate of 19.5%, is quite similar to other groups of people who are at high risk [12] and suggests that screening this group specifically could be more cost-effective than monitoring the whole population. Prioritising these patients for regular blood pressure checks, glucose monitoring and lifestyle assessments would concentrate resources where they are most needed. The 2024 AHA/ASA primary prevention guidelines support this kind of risk-stratified approach [16].

The classification results reinforce this direction. J48 placed age, hypertension and heart disease at the top of its decision logic, and Random Forest achieved a ROC area of 0.990, confirming that these variables are the most important screening criteria [17]. With recall above 0.93 for both models, they could realistically support clinicians during routine consultations as decision support tools [2], though they should assist clinical judgement rather than replace it [11].

The integration of predictive screening techniques directly to electronic health record systems would allow ongoing patient screening with minimal effort as part of normal care. A large study that used machine learning to predict strokes in community clinical workflows found that this method helped find high-risk people early on during regular consultations, which had long-term benefits for both clinical outcomes and costs [18]. However, another systematic review of 49 machine learning research utilising normal hospital data conducted in 2025 showed that improvements in external validation, calibration and clinical explainability are still necessary before committing to the implementation of these models [19].

The "Unknown" smoking status category, affecting roughly 30% of records here, shows why consistent data collection matters. If lifestyle information like smoking status is not recorded reliably, predictive models lose access to modifiable risk factors that could inform individual patient interventions [7].

1. [bookmark: _Toc224428531]Reflective Commentary
I found that the models started to perform well once the dataset was properly balanced. J48 achieved 93.4% accuracy with a stroke recall of 0.937, while Random Forest reached 95.6% accuracy with a recall of 0.956 and a ROC area of 0.990. These results are supported by Kappa statistics of 0.869 and 0.912 respectively, confirming that both models were identifying stroke cases well beyond what chance would predict.

In my first test, SMOTE had been applied incorrectly to the majority class rather than the minority class, which caused both classifiers to collapse and detect almost no stroke cases at all. Correcting this was the single most important step in the entire analysis and it demonstrated how important classification results are to proper data preparation, a finding consistent with broader research on handling imbalanced medical datasets [14].

One strength was the use of SMOTE to balance the training data, which transformed both classifiers from non-functional to clinically useful. The J48 tree's early splits on age, hypertension and heart disease align with established stroke risk factors [12] and Random Forest's high ROC area confirms it was picking up on genuine patterns in the data. The use of 10-fold cross-validation gave the results more credibility than a single split would have [10].

The main limitation in this case is that these results rely on synthetic oversampling, and it is unclear how well the models would generalise to entirely new patient data. The clustering was also limited to k=3 without testing other values of k, which may have missed important subgroups. Future tests could explore cost-sensitive learning as a complement to SMOTE and test additional algorithms such as logistic regression or gradient boosting to see if further improvements are possible, since no single approach consistently outperforms all others on imbalanced medical datasets [8].
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Smoking Status Distribution

Count	Never Smoked	Unknown	Formerly Smoked	Smokes	1892	1544	885	789	
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